Anti-collision systems are based on sensing and estimating the mobile robot pose (coordinates and orientation), with respect to its environment. Obstacles detection, path planning and pose estimation are primordial to ensure the autonomy and safety of the robot, in order to reduce the risk of collision with objects and living beings that share the same space. For this, the use of RGB-D sensors, such as the Microsoft Kinect, has become popular in the past years, for being relative accurate and low cost sensors. In this work we proposed a new 3D anti-collision algorithm based on Artificial Potential Field method, that is able to make a mobile robot pass between closely spaced obstacles, while also minimizing the oscillations during the cross. We develop our Unmanned Ground Vehicles (UGV) system on a 'Turtlebot 2' platform, with which we perform the experiments.
INTRODUCTION
Recently, mobile robots have been developed for many different applications, such as surveillance, defense, rescue, mobile health care, border control , agricultural production support, entertainment, among others. Nonetheless, there are a variety of potential applications still unexploited. One of the main problems regarding autonomous mobile robot it the capability to move between obstacles and effectively avoid collision with them, which itself includes subproblems such as object detection, robot tracking and path planning.
Regarding obstacles detecting in the robot environment, two different approaches are commonly adopted: one is to imbue sensors on the robot, in an embedded detection scheme, and the other is to set them on the environment itself. The mixed approach is also possible. For embedded detection, there are a range of sensors (RGB-D sensors, as the Kinect, cameras, lasers, LiDARs, sonars, etc.) suitable to give the robot some perspective of the environment. Another important issue for autonomous robot is tracking the robots own position in space, over time. This is fundamentally necessary, because the robot must know what is its current pose in order to estimate the distance from its target, and the correct path to it. That is achieved with embedded detection scheme through the use of dead reckoning methods, such as getting the encoder data or the Kinect data (visual odometry) (Scaramuzza and Fraundorfer, 2011) .
Many different methods to avoid collision, in conjunction with path planning, are explored in the literature, such as tangential escape (Santos et al., 2015) , corner detection (Borenstein and Koren, 1988) , occupation grid (Elfes, 1987) , artificial potential field (Hwang and Ahuja, 1992; Tan et al., 2010; Nascimento et al., 2014; Mac et al., 2016) , and Virtual Force and Virtual Field (Elfes, 1987) .
Specifically, the potential field method (PFM) is an interesting way to avoid collision, being relatively simple to implement, efficient, fast and accurate for most applications. However, the traditional PFM is usually subject to problems with local minimums in the potential field, which generate limitations such as:
1. No passage between closely spaced obstacles.
2. Oscillations in the presence of obstacles.
3. Oscillations in narrow passages.
Non-reachable target.
This work presents a 3D anti-collision system that uses a new modified artificial potential field method, that solves three typical problems of the PFM: 2. Solution of the "oscillations in the presence of obstacles" problem; 3. Solution of the "oscillations in narrow passages" problem.
We implemented our technique, tested our algorithms and performed the experiments on a mobile robot called 'Turtlebot 2', which is a low cost platform used to develop academics researches, and whose encoders and compass allow us to get an estimation of its displacement over time through the dead reckoning method (Scaramuzza and Fraundorfer, 2011) . The obstacle detection was done via visual information, captured through the RGB-D Kinect sensor and processed to 3D images via Point Cloud Library (PCL). The voxelgrid and passtrough filters enables us to optimize the computation, reducing computational costs, and specify the dimensions of interest, respectively.
The next session introduces the related works, then the proposed new artificial potential field method, our experiments realized with the Turtlebot and finally, the conclusions.
RELATED WORKS
To avoid collisions, Tarazona (Fonnegra Tarazona et al., 2014) presents an anti-collision system for a unmanned aerial vehicle (UAV) able to navigate indoor using a Fuzzy controller. Santos (Santos et al., 2015) proposed a case study of an anti-collision strategy based on a tangential escape approach, where the UAV can take one of the following ways to escape: lateral or vertical tangents.
Elfes (Elfes, 1987) shows a method called "occupation grid", that breaks the observable region in cells (in a cone-shape, in front of the sensor) and then computes the probability of each cell being occupied or not (with an obstacle). For such, it used sonars to produce a bi-dimensional map of the environment and assist the robot navigation. Souza (Souza and Maia, 2013) presents an approach based on a stereo system (two cameras) that generates a 3D occupation grid, taking into account the obstacle elevation, which is able to interfere on the decision of the mobile robot to continue to drive through this same obstacle or not.
Another approach, proposed by Hwang (Hwang and Ahuja, 1992) , attributes a potential function to each obstacle to identify the chance of a collision with a mobile robot. To avoid collision, one global descriptor is used to help find the best path, without obstacles, given the minimum potential trajectory. Khuswendi (Khuswendi et al., 2011) presents an algorithm that makes possible an autonomous flight of a UAV, using just a potential field method, adapted to create a simulation environment and a modified A* 3D algorithm based on the horizontal escape. Bentes (Bentes and Saotome, 2012) proposed using potential fields to work with formation of autonomous UAVs swarms, enabling then to avoid collision with local obstacles in simulated 2D and 3D environments. Chen (Chen and Zhang, 2013) presents, in a virtual environment, a 3D path planning algorithm for a UAV based on artificial potential field and able to avoid collision in dynamic environments with faster response and high accuracy, however with problems regarding reaching its final destination when found close to an obstacle.
Liang (Liang et al., 2014 ) use a fluid mechanical method to make the UAV fly softly around the obstacle, then it inserted an interpolation to avoid the collision of the UAV with multiples obstacles, and also used the Generalized Fuzzy Competitive Neural Network (G-FCNN) algorithm to measure the possible flight routes. Kong (Kong et al., 2014) proposed a solution based in a monocular system (only one camera) for a Micro Air Vehicle (MAV) to avoid collision with obstacles in indoor environments. Nascimento (Nascimento et al., 2014) presents an approach to obstacle avoidance for multi-robot system which uses potential field as a term of the cost function for a nonlinear model predictive formation control. Whereas Cowley (Anthony Cowley and Taylor, ) proposed a method to transform a candidates pose of arbitrary 3D geometry into a depth map, which reduces significantly the computing cost.
In the work of Lihua (Zhu et al., 2016) , it is proposed an algorithm, for UAV system, based in a modified artificial potential field, called MAPF, which is able to decompose the total force and estimate the physical barriers on the 3D environment. Hameed (Hameed et al., 2016) proposed one new algorithm based in potential fields to path planning applied to robot tractors with the intention to reduce the overlap of areas where they had already driven.
Finally, Mac (Mac et al., 2016) enumerates some problems of the traditional potential field method and touch on the "non-reachable target" problem. This problem happens when the target is close to obstacles, and they purpose a modified potential field method (MPFM) based on a compensation of the repulsive force adding the euclidean distance relating the attractive force into the repulsive force.
3D ARTIFICIAL POTENTIAL FIELD
The idea behind Artificial Potential Field (APF) methods comes form the physical concept of fields, mathematical constructs that have a numerical value in each point in space and time, and whose gradient represents forces. In the robotics, these methods are applied to solve path planning problems. In these techniques, the target is taken to be an attracting point, usually with negative potential, and obstacles are portrayed as repulsive point, usually with positive potential. Due to the additive nature of fields, the resulting field is just the sum of all existing fields, and the optimal path is the one that minimizes the equivalent of work.
Local Map and Coordinates
Our system was developed taking as reference the local map and the coordinate system of the Turtebot. This local map is presented in the Fig. 1 (a) . In the map, x is the abscissas, the distance 'in front' of the robot, and y is the ordinate coordinate on the plane. This coordinates are defined by the Turtebot on initialization, and are used as the standard reference for the APF. The Turtebot orientation is retrieved by its on-board compass sensor. 
Repulsive Field and Force
At first step, the Kinect data is processed by the PCL as a point cloud. In our algorithm, two filters are applied to the input point cloud to reduce the area and, consequently, the number of points. First, the voxel grid reduces the number of points in the point cloud, defining the minimal distance of 0.01 m between the points of our interest, which increases the performance of the algorithm. Then, one passthough is applied to each coordinate, defining a box, as the focus of interest in the cloud. For our work, we consider only this area of interest, where the Turtlebot is capable to move. The specified dimensions must be bigger than the size of the robot, in order to allow its to detect close obstacles on the sides as well as horizontal barriers, such as a table. Then, having the resulting cloud P, we applied the Euclidean Extract method of PCL to form clusters (PCL, 2016a) . This method divides the unorganized cloud P into smaller parts (sub-clouds), that reduces the processing time for P. This method consists of four steps:
1. Create a Kd-tree representation for the input cloud P (PCL, 2016b);
2. Set up an empty cluster C, and a queue of points to be checked Q;
3. Then for every point p i ∈ P, is done: add p i to the current queue Q; for every point p i ∈ Q, search for the set P k i of points neighbors of p i in a sphere with radius r ¡ d ( th);
for every neighbor P i k ∈ P i k check if the point has been already processed, if not, add it to Q. when all points p i ∈ P have been processed, we receive the clusters projected.
The repulsive field is extracted from the Kinect data, that is clusters identified by the coordinates x, y, z of the Kinect, which is different from that of the local map. Fig. 1 (b) shows the kinect sensor coordinate system.
To compute the repulsive field intensity, we calculate the Manhattan distance, on the plane, between the robot and each point in the identified clusters. So, for the ith point in the cluster, the Manhattan distance is:
We adopt a linear potential in the form:
where D max is biggest Manhattan distance in the box defined by the passthough filter, and λ is a constant.
To calculate the modulus of the force attributed to this potential field, all we need to do is take the derivative:
which is a constant for all points in the cloud. The direction, though, is the important information, for it is responsible to orientate the robot away from the obstacle. It can be defined by the angle:
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Then, the resulting repulsive force is just the sum of the forces by each point in the cluster:
with a modulus:
It is important to notice that this force is represented in the coordinate system of the Kinect, which is mounted in the robot, and thus can be both translated and rotated in relation to the local map coordinate, at any moment. Considering that the robot is rotated by an angle ϕ in relation to the local map coordinate, the resulting repulsive force can be written in the local coordinate as:
Attraction and Resultant Force
The attractive potential is responsible to direct the robot towards the target (destination), and is computed using the euclidean distance calculated from the encoders data. We consider that the target exerts an attractive, gravitational like, force in the system, that is:
where Λ is an intensity related constant and (x a , y a ) are thex andŷ distances, respectively, of the robot from the target, calculated on the local map coordinate system. The angle of the target direction is gave by:
which implies in the components:
Therefore, the resulting force is just the sum of the attractive and repulsive forces:
Now, all we have to do is calculate the modulus and direction of this force, which are respectively:
ROBOT BEHAVIOR
In accordance with (Alejo et al., 2015) , to avoid the collision among the robot and the obstacles found in the environment, it is possible to use the following two reactions: speed change and/or direction change. The Turtlebot is controlled by defining its linear and angular velocity, v and ω respectively. So, in order to correctly apply the resultant force to the robot dynamics, we must first rotate it to align its orientation with the resultant force direction. For that, we consider the angle difference, and divide it by the Turtlebot refreshing time ∆t, and take it to be the angular velocity of the robot in that time interval:
Then, we take the force modulus to be the variation of the linear velocity, in the time interval ∆t, that is:
With this setup, the robot is able to effectively avoid obstacles, in an stable manner, as will be shown in the next section.
EXPERIMENTS
The experiments was performed using a Turtlebot 2 platform which is 60 cm high and 48 cm wide (measured with the laptop attached). We dont transform the point cloud to a depth map (2D) because it present the information of the entire visual field, whereas we want to work with a limited region in space. Also, it is fundamental for our algorithm to have height information. Instead, we use a voxelgrid and passthrough filters to decrease the number of points and create a focus window, then it is applied the KNN algorithm to get the points of interesting and building a unique cluster, finally it is generated the force on each point according to distance of each point to the kinect sensor. The voxel grid considered only points within at least 1 cm of each other. The passthrough reduces the area to 1.8m in each direction ofx, −0.1m to 2.5m inŷ and 0.0m to 6.0m inẑ, coordinates of the Kinect. To build the Kd-tree, extracting clusters with PCL method, the euclidean distance was defined as 2 cm, and the response time was high, with a measured refresh rate of 5 Hz.
The four kind of challenges used as base to prove the efficiency of our algorithm can be found in the video "Artificial Potential Field Algorithm" in https://www.youtube.com/watch?v=gH pNfC8gP8& feature=youtu.be.
It shows the positive results achieved using this new algorithm, and the table 1 list the challenges surpassed by this method proposed in this work. After a battery of tests, the best parameters found for these challenges, were:
• Λ = 2.7 The target, which offers an attractive force for the Turtlebot, in the experiments 1, 3 and 4, was defined as 4m forward, and for the experiment 2, the target was defined as 3.5m because of space restriction. The distance from the target was updated over time, through the encoders data of the robot (coupled at the wheels) and its compass. These data enabled tracking the Turtlebot, returning its pose (position and orientation).
The system performed very well at all challenges. However, the system had some difficulty to find a way to escape of an imminent collision when the obstacle is very wide, as a table with 1.5 m wide and 1.2m high (experiment 4). For this, it was necessary to reduce the maximum linear speed of 0.2 to 0.1. That aided the vision node to have enough time to build the Kdtree without problems.
With these parameters, the system was able to avoid collision with the obstacles, passing between closely spaced obstacles, exhibiting no oscillations in the presence of obstacles, no oscillations in narrow passages and reaching its target with success.
CONCLUSIONS
As shown by the performed experiment, our proposed modified potential field method was able to surpass all proposed challenges. The robot was able to avoid obstacles, find a passage between closely spaced obstacles, pass beneath higher obstacles and avoid high obstacles that did not allowed it to pass underneath, all in a smooth and oscillation-free manner. We understand there is ample space for improvement of our technique, specially if it is to work on highly dynamical environments, with moving obstacles. In this regard we believe performance improvements are needed.
